Background: Microbial communities are commonly studied using culture-independent
processing step to identify and remove potential contaminants, but their performance has not been independently evaluated.
To identify the impact of decreasing microbial biomass on polymicrobial 16S rRNA gene sequencing experiments, we used a serial dilution of a mock microbial community.
We evaluated two computational approaches to identify and remove contaminants: 1) identifying sequences that have an inverse correlation with DNA concentration implemented in Decontam and 2) predicting the proportion of experimental sample arising from defined contaminant sources implemented in SourceTracker.
Results: As expected, the proportion of contaminant bacterial DNA increased with decreasing starting microbial biomass, with 79.12% of the most dilute sample arising from contaminant sequences. Inclusion of contaminant sequences in analyses leads to overinflated diversity estimates (up to 12 times greater than the expected values) and distorts microbiome composition. SourceTracker successfully removed over 98% of contaminants when the experimental environments are well defined. However, SourceTracker performed poorly when the experimental environment is unknown, failing to remove the majority of contaminants. Decontam successfully removed 74 -91% of contaminants regardless of prior knowledge of the experimental environment.
Conclusions:
Our study indicates that computational methods can reduce the amount of contaminants in 16S rRNA gene sequencing experiments. The appropriate computational approach for removing contaminant sequences from an experiment depends on the prior knowledge about the microbial environment under investigation and can be evaluated with a dilution series of a mock microbial community.
Background
Advances in genomic sequencing have transformed our ability to identify and study microbes without depending on culture-based laboratory techniques. A common method used to study microbial communities is to sequence marker genes, such as the 16S rRNA gene. In this method, the bacterial DNA is extracted from a sample, amplified by PCR, and then sequenced. This technique is relatively inexpensive and easy to perform, and has increased our ability to understand the role of microbes in a variety of environments, including those of low microbial biomass such as the upper atmosphere [1] , placenta [2] , and urinary bladder [3] [4] [5] .
The discovery of microbes in these unexpected environments is exciting and can revolutionize our understanding of these environments. However, a major challenge hindering our ability to accurately characterize microbial communities in these environments is bacterial DNA contamination from exogenous sources that are introduced during sample collection and processing. Contaminant bacteria introduced to the sample prior to PCR can dominate the composition of low microbial biomass samples [6] [7] [8] [9] , comprising over 80% of the sample in extreme cases [10] . Failure to account for contaminants may also affect biological conclusions drawn from studies, such as inflating alpha diversity metrics, distorting the abundance of true microbial members of the environment [10] , and altering differences between clinical groups [7, 9, 11] .
Currently, there is no standard method to minimize or control for contaminants in 16S rRNA gene sequencing experiments. During sample processing, procedures can be taken to minimize the amount of exogenous DNA introduced to the samples. These include pretreating reagents in an attempt to remove exogenous DNA [10, 12] and using DNA extraction kits designed specifically to minimize contamination. However, techniques involving pretreating reagents are challenging and may be ineffective when examining low microbial biomass samples [10] .
Another approach is to process "no template" negative controls along with experimental samples through DNA extraction, PCR amplification, and sequencing steps.
Even if no band is present on an agarose gel, these negative controls should be sequenced since band-negative samples have been reported to produce sequence reads [7] . While this is an effective strategy for identifying experiment-specific contaminants, there is little guidance for researchers regarding the appropriate use of this information. Removing all sequences found in the blank sample is not plausible since low levels of real sequences from the sequence run may be present in the blank control due to multiplexing artifacts [13, 14] . This leads to removing bacterial sequences that are actually biologically relevant; thus, this approach has been found to be too strict [10] .
Several approaches to objectively remove contaminants after 16S rRNA gene sequencing have been suggested. One directly identifies and removes sequences that have been previously identified as contaminants in published databases or reference lists [7] . However, this is a generalized approach and might not accurately reflect the contamination present in the actual experiment. A second approach applies an abundance filter to remove all sequences that are below a defined threshold [15, 16] .
However, this does not remove the abundant contaminants that are present in low microbial biomass samples and would also remove real rare sequences in the dataset.
Furthermore, without the appropriate experimental controls, there is no guidance to determine the appropriate filter. A third approach is to remove sequences that are present in a negative control sample [17, 18] . However, this approach may be too harsh due to sample cross-contamination [14] . A fourth analytic approach is to identify bacterial reads that have an inverse correlation with bacterial DNA concentration after 16S rRNA library preparation [9, 15, 19] . This has been recently implemented in an open source R package called decontam [20] . A fifth method for identifying exogenous DNA contaminants uses a Bayesian approach implemented in SourceTracker [21] to predict the proportion of an experimental sample that arose from a defined contaminant source.
In this study, we use a dilution series of a mock microbial community to determine the success of current approaches to control for laboratory contaminants in studies involving low microbial biomass samples. Mock microbial communities are mixtures of known bacteria and are an important tool to identify biases in both laboratory and computational methods employed in microbial community analyses. We demonstrate that a dilution series of a mock microbial community is a valuable tool to evaluate optimal inputs and parameters for two bioinformatics approaches that have been proposed for contaminant identification from low microbial biomass samples.
Methods
To identify the presence of exogenous bacterial DNA and its impact on low microbial biomass samples, we used 16S rRNA gene sequencing of a mock microbial community that had undergone eight rounds of serial three-fold dilutions. We chose a mock microbial community since most microbiome studies aim to identify mixtures of bacteria rather than pure bacterial isolates. In mock communities, the expected 16S rRNA gene sequences are known, thus any unexpected sequences identified in the analysis of the dilution series can be attributed to error. These errors can arise from sequencer errors (base miscalls or barcode switching), chimeric sequences, or laboratory contaminants. bacteria) was used as the highest microbial standard for DNA extraction (see Supplemental Table 1 ). Blank controls of microbial-free water also were used and subjected to all processing steps.
Microbial mock community dilution

DNA extraction and PCR amplification
A total of 50 µl of each serially diluted microbial standard was subject to DNA 
PCR product purification and sample pooling
Ten microliters of each product was used to verify amplification by gel electrophoresis on a 2% agarose gel. Replicates yielding visible bands at 382 bp were pooled together and purified following the QIAquick PCR Purification kit (Qiagen, Germany) provided protocol. Purified products were again quantified and quality checked at A260/A280 nm (Nanodrop, Thermo Fisher Scientific, USA). Products were diluted to 10 ng/μL and 5 μL of each sample were pooled together for sequencing on the Illumina MiSeq sequencer (Illumina, USA).
Sequencing and sequence processing
Primers and sequence adapters were removed with the Illumina MiSeq Reporter (version 2.5). The sequences were further processed using scripts implemented in the R statistical computing environment with the DADA2 [22] (v. 1.4.0) package (scripts are available on GitHub (https://github.com/lakarstens/ControllingContaminants16S)).
Briefly, sequences were quality filtered, trimmed (forward reads at 240 nt, reverse reads to 160 nt) prior to inferring amplicon sequence variants (ASVs) with the DADA2 algorithm.
ASVs, which group similar sequences together according to a model that considers sequence abundance and sequencing error, where chosen over traditional Operational Taxonomic Units (OTUs) since they have a finer resolution [23, 24] . Chimeric sequences were removed with the approach implemented in the DADA2 package. Taxonomy was assigned for each ASV to the genus level using the RDP naive Bayesian classifier [25] implemented in DADA2 with the SILVA database (version 123). The R package phyloseq [26] (v. 1.20.0) was used for storing the ASV table, taxonomy, and associated sample data and for calculating alpha diversity measures.
Contaminant identification and removal
Decontam [20] (v.0.8) was used to identify ASVs with significant inverse correlations with DNA concentration measured by Nanodrop (prior to library preparation).
We evaluated the performance of decontam using different user-defined thresholds.
SourceTracker [21] version 1.0.1 was used to determine the amount of contamination in samples and recover the true microbial community of each sample. To test optimal inputs as source environments, we performed a series of analyses with the following samples labeled as source samples: contaminant profiles (created by removing the expected ASVs from the diluted mock microbial community samples), blank control (negative extraction controls that went through all the sample processing steps and microbial free water), and the expected mock microbial community profile (the undiluted mock microbial community sample).
The data and R markdown scripts necessary to reproduce the analysis presented in this paper is available at https://github.com/lakarstens/ControllingContaminants16S.
Results
The total number of paired-end reads from the mock community dilution samples was 2,555,160. Following quality filtering, a total of 1,325,836 sequences were further analyzed and grouped into 755 amplicon sequence variants (ASVs). Each sample in the mock community dilution series had between 36,014 -223,112 reads. The undiluted mock community sample (D0) had 222,159 reads. As expected, the number of reads per sample generally decreased with increased dilution, though not linearly ( Figure 1A , Table   1 ). 
Undiluted mock community sample composition
The undiluted mock community contained 18 unique ASVs, which corresponded to 17 unique genera. The expected mock community genera were represented in the top single nucleotide variation (G to T transition). The other 9 unexpected ASVs totaled 0.05% of reads; they were not similar to the expected sequences in the mock community nor were they identified as chimeric sequences based on the sequence composition of the mock community. Due to their low relative abundance and lack of other explanation, these were likely either contaminants from sample processing or barcode crosstalk from sequencing.
Blank extraction control composition
The blank control was composed of 535 ASVs that mapped to 128 unique genera.
The most abundant genera was Bacteroides (12.9%) followed by Ruminiclostridium_6 (6.4%), and Prevotellaceae_UCG-001 (6.0%). Twenty-three ASVs were present at abundances between 1% and 5%, and the remaining 116 ASVs were present at relative abundances less than 1%. 5 of the 8 mock community genera were present in the blank control. These were in low abundance (0.02% to 1.9%), making up 3.7% of the total relative abundance.
Mock community dilution series composition
The amount of contaminant DNA increased with subsequent dilutions of the mock microbial dilution series, indicated by an increased number of ASVs and bacterial genera ( Table 1 ) that were not in the expected 16S rRNA sequences from the mock microbial community. As expected, the number of ASVs and number of genera increased with decreased starting microbial biomass for D1-D6. However, this trend did not hold for the most diluted samples (D7 and D8), which had 126 and 176 ASVs corresponding to 59 and 73 genera ( Table 1) . This could be due to the lower number of reads from these samples. We did identify an increased percentage of reads not originating from the expected mock community sequences, which had a relationship with dilution ( Figure 1B) .
The mock microbial community was composed of 8 bacteria that resulted in 9
unique ASVs. Thus, there were 746 ASVs in the dilution series that were not the expected mock microbial community ASVs and are referred to as contaminant ASVs. After two rounds of dilution, contaminant ASVs became more predominant in the microbial community profiles ( Figure 1B, 1C) , with contaminants having relative abundances greater than 1% of sequence reads. After the 6 th round of dilution (D6), contaminants contribute over 50% to the estimated community composition. Importantly, contaminant genera in these dilutions were detected in relative abundances greater than 10%, making individual contaminants easily mistaken for true microbial composition of a sample.
The contaminants identified with abundances greater than 1% are listed in 
Supplemental
Impact of contaminants on alpha diversity metrics
To 
Contaminant removal by correlation with DNA concentration with decontam
An inverse relationship between amplicon concentration after library preparation and number of reads has been reported for both Illumina sequencing [9] and pyrosequencing [15] . This provides an objective way to identify contaminants, and has been implemented in the open-source R package decontam [20] through the 'frequency' method. We evaluated decontam with the frequency method using a variety of thresholds, ranging from the default 0.1 to 0.5. As expected, increasing the threshold lead to an increased proportion of ASVs being identified as contaminants across the dilution series ( Table 2) . Importantly, decontam did not remove any expected mock microbial community sequences.
Using decontam with a threshold of 0.5, 240 ASVs were identified as contaminants across all samples (Figure 3) , which made up 74.1 -94% of the contaminants per sample ( Table 2) . As depicted in Figure 3C , decontam removed the majority of contaminants in D1-5, though contaminant ASVs still made up more than 20% of the more dilute samples (D6-8). Additional filtering steps such as low abundance filtering or the prevalence method available in decontam would likely further remove these contaminant ASVs. The mock microbial dilution series with contaminants removed. Decontam did not remove any of the expected mock microbial community sequences and removed the majority of contaminants.
In highly dilute samples (D6 -D8), some contaminant sequences are still present in the sample (making up between 23 -48% of the corrected microbial profile), but is reduced from the original data (see Figure 1) . 
Contaminant removal with SourceTracker
We used the SourceTracker algorithm [21] to identify and remove contaminant sequences from the mock microbial dilution series. SourceTracker predicts the proportion of unknown 'sink' samples that arise from defined 'source' samples. We tested two scenarios for recovering the expected mock microbial community profiles from the mock microbial dilution series. In the first scenario, the expected mock community profile from the undiluted mock microbial community sample served as a source environment, mimicking the scenario when the experimental source environment is well defined. In the second scenario, the expected mock microbial community is unknown; the proportion of sequences not predicted to be from the defined blank control or contaminant profile sources is called the contamination-corrected profile. The second scenario is the more commonly encountered scenario, where the low microbial biomass environment that is being studied is poorly defined. For each scenario, we additionally evaluated the use of a combination of blank control and contaminant profiles (Case 1) or the blank control alone (Case 2) as source environments.
Scenario one: Well-defined experimental source environment
The first scenario is one in which the experimental source environment is well defined, with the undiluted mock microbial community sample (D0) defined as a source environment. The contaminant source environments were defined as both contaminant profile and blank control (Case 1). To test if the blank controls alone were enough to identify contaminants, we additionally used SourceTracker with D0 and the blank control as source environments (Case 2).
SourceTracker was able to remove the majority of contaminants, with less than 0.01% contaminants remaining in the most dilute samples (Figure 4A and 4B) . However, SourceTracker also removed some reads of mock microbial community taxa, though this removal was minimal (< 6.2 %). With both contaminant profiles and blank controls defined as sources, SourceTracker identified the majority of reads as arising from contaminant profiles and less than 0.1% classified as blank or unknown, and less than 1% of the mock microbial reads misclassified ( Figure 5B ). With the blank control only defined as a contaminant source environment, the majority of reads arising from contaminant sources were classified as unknown, with a maximum of 4.2% of reads being classified as arising from the blank control ( Figure 5C ). Additionally, a greater proportion of the mock microbial community sequences were classified incorrectly as unknown (maximum 6.2%).
Scenario two: Unknown experimental source environment
To mimic the common experimental scenario where the expected source environment is not well defined, we used SourceTracker with only the contaminant and blank profiles defined as the source environments. In this design, any bacterium that is classified as 'unknown' by SourceTracker would be assumed to come from the 'unknown' environment of interest and thus represent the contaminant-corrected microbial profile. In this scenario, SourceTracker failed to identify most contaminants, leaving 0.06 -68.9%
of contaminants ( Figure 4C and Figure 4D ). 
Overall performance of contaminant removal methods
To evaluate the overall performance of each contaminant removal method, ASVs were classified as being correctly or incorrectly identified as mock community, blank In most samples, less than 1% of reads were classified as arising from the contaminant profile or blank profile, with the exception of D6 and D8 where a greater proportion of reads were correctly identified as contaminants. E. SourceTracker results from the scenario where the contaminant environment is defined by a blank control and the experimental environment is unknown. The majority of contaminant reads are classified incorrectly and less than 1% of reads per sample were correctly classified as arising from the blank source environment.
Discussion
Impact of contaminants on microbial community composition
Our study demonstrates the impact of laboratory contaminants on 16S rRNA contributions using a variety of negative controls [10] . These studies exemplify the need for researchers to be adamant about contaminant control procedures used.
Identifying contaminants in low microbial biomass experiments
Using a dilution series of mock microbial communities, where the expected composition and sequences of the mock microbial community are known, we also Our data suggests that the use of negative controls alone are likely insufficient to inform researchers of appropriate measures to minimize contaminants from their experiments. While we found that sequences present in the blank control sample were also present in the mock community dilutions, we also identified many unique sequences as contaminants in the mock microbial dilution samples that were absent from the blank control. Furthermore, we found that five out of eight of the expected sequences from the mock microbial community were also present in the blank extraction control. Removing all sequences present in the blank extraction controls would have led to erroneously removing the majority of the expected mock community dilution sequences. Glassing et al. also demonstrated that contaminant removal by removing sequences present in the blank control was too harsh. Thus, using mock microbial dilutions in studies of low microbial biomass environments as controls may provide a more accurate method to evaluate and determine contaminant sequences than negative controls alone.
Removing contaminants in low microbial biomass experiments
Analytical and bioinformatics approaches have been suggested as a postprocessing step to identify and remove potential contaminants, but to our knowledge this is the first study examining the performance of these methods at varying microbial biomass. These methods include identifying correlations with OTU/ASV frequency and starting DNA material measured either before library preparation with Pico-Green or Nanodrop [9] or by more accurate but more labor-intensive qPCR [19] . We evaluated the former as implemented in the decontam package available in R [20] , which demonstrated reasonable performance for removing the majority of contaminants, though some contaminants still remained in the most dilute samples. Another approach uses Bayesian modeling to estimate the proportion of contaminants as implemented in SourceTracker.
Our study indicates that using SourceTracker is an excellent approach if the environment under investigation is well defined, removing 99% of contaminants.
However, SourceTracker performed poorly in the scenario where the environment under investigation is unknown, which is likely for most low microbial biomass environments.
In this scenario, SourceTracker removed less than 1% of contamiants for most samples, and removed 56% for one sample. Decontam performed well, removing 100 -75% of contaminants, and did not depend on prior knowledge about the microbial community being studied.
Another consideration for selecting a contaminant removal method is the format of the results, which may limit downstream analysis. Decontam classifies OTUs/ASVs as either being contaminants or not, and OTUs/ASVs that are identified as contaminants are removed from the entire dataset. This has the benefit of retaining the raw read count of the data, but does not permit removal of a proportion of a contaminating sequence, which may be desirable if a known contaminant is also known to be part of the experimental environment being studied. SourceTracker has the benefit of estimating proportions of sequences that arise from a contaminant source rather than removing the entire sequence from the dataset. However, SourceTracker takes a significant time to run, which increases with sequencing depth. To overcome this, it is common/recommended practice to subsample the data prior to using SourceTracker, which is currently a controversial practice in microbiome analysis and limits the downstream analyses that can be performed [30] .
Limitations
Our study used a commercial mock microbial community consisting of 8 known bacteria and 2 fungi. Mock microbial communities that are representative or have similar characteristics to the expected experimental microbial community can also be generated and may provide a more robust estimate of the experimental contaminants present in a study. Furthermore, in our study, all blank controls were barcoded with the same barcode, limiting their utility. For example, we were unable to use the prevalence method for contaminant removal that is available in the decontam package.
Conclusions
Controlling for contaminants in low microbial biomass experiments remains an important and unsolved problem, particularly in the age of easily accessible high throughput next generation sequencing. We demonstrate that using a dilution series of a mock microbial community can provide researchers studying low microbial biomass environments an effective means to evaluate laboratory contaminants in 16S rRNA gene sequencing experiments. This includes identifying the real background noise specific for a particular experiment, evaluating effective strategies and appropriate parameters to remove contaminant DNA sequences, and a means to evaluate the success of methods used to identify exogenous contaminant DNA from experiments.
Since the exogenous DNA present in DNA extraction kits have been shown to vary across kit types and different lots of the same kit, a mock community dilution series is an important addition to each 16S rRNA gene sequencing experiment in order to identify laboratory-and experiment-specific contaminants. This is particularly important for studies investigating environments with low microbial biomass such as urine, placenta, and lung.
Our recommendations are for investigators to use a mock community dilution series consisting of at least a high -medium -and low dilution representing the expected range of DNA concentration in the environment being studied in addition to negative extraction blanks as negative controls. We also strongly recommend that newer bioinformatics pipelines using methods based on amplicon sequence variants (ASVs) rather than operational taxonomic units (OTU) are used since the former approach offers finer resolution, which is particularly important for distinguishing contaminant sequences. Importantly, it is likely that one single approach for removing contaminants from low biomass samples will NOT work equivalently across all sequencing studies investigating low microbial biomass environments. Thus, it is important that the method used for controlling contaminants be monitored and reported upon publication. This will ensure that science is transparent and will make results more robust and reproducible.
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